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Seed metabolites are critically important both for plant development and human nutrition; however, the
natural variation in their levels remains poorly characterized. Here we profiled 121 metabolites in mature
seeds of a wide panel Oryza sativa japonica and indica cultivars, revealing correlations between the
metabolic phenotype and geographic origin of the rice seeds. Moreover, japonica and indica subspecies
differed significantly not only in the relative abundances of metabolites but also in their corresponding
metabolic association networks. These findings provide important insights intometabolic adaptation in rice
subgroups, bridging the gap between genome and phenome, and facilitating the identification of genetic
control of metabolic properties that can serve as a basis for the future improvement of rice quality via
metabolic engineering.
R
ice (Oryza sativa L.) is a major staple food feeding over 50% of the global population. Cultivated rice was
domesticated from the common ancestor of wild rice (Oryza rufipogon) under both natural and human
selective pressures, and displays large genetic diversity across thousands of varieties1,2. Rice cultivars are
mainly grouped into two subspecies japonica and indicawithmarked differences in plant architecture, agronomic
and physiological features (e.g., stress resistance, cold tolerance, and seed quality)1. Although japonica and indica
cultivars exhibit clear variation in genome sequences as well as in the morphological and physiological features2,3,
the gap between DNA sequence information and end phenotypes, particularly chemical composition and its
effect on plant development and adaption, remains largely obscure.
Seed quality is of immense agronomical importance, and is ultimately determined by chemical composition4–6.
Metabolites in seeds function not only as energy components for the seed but also as nutrients for humans and
livestocks. As metabolism is strongly influenced by heritable factors, the genetic basis underlying metabolic traits
has recently become of major research interest7,8. Recent evidence suggests that there is considerable metabolic
diversity in seeds from different rice cultivars. Kusano et al (2007) identified 10metabolites with variations across
62 rice varieties using one- and two-dimensional gas chromatography-time-of-flight–mass spectrometry (GC-
GC-TOF-MS)9. Heuberger et al (2010) detected 3,097 signals in 10 rice varieties using ultra performance liquid
chromatography (UPLC-MS)10. Similarly, using GC-TOF-MS, Lou et al (2011) identified 41metabolites showing
a wide range of variations in 48 distinct rice germplasms11, whilst Kim et al (2012) identified 52 metabolites in
seven cultivars by GC-TOF-MS12. Matsuda et al (2012) conducted metabolic quantitative trait loci (mQTL)
analysis in rice grains using inbred lines, and determined few loci affecting levels of metabolites13. Despite the
insights provided by these studies, metabolomic analysis of seeds with the goal of comparing and contrasting
japonica and indica rice subspecies using a large collection of different inbred lines has not yet been reported.
Here we performed a large-scale non-targeted metabolomic analysis in seeds of 100 japonica and indica
cultivars with a broad genetic diversity, and observed that japonica and indica had diversified metabolomes,
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analysis8,14 of the resulting metabolic profiles and other morpho-
logical traits identified further differences in the coordinated change
of metabolite abundances in the two types of geographically dis-
persed cultivars.
Results
Metabolic profiles of rice seeds.To evaluatemetabolite composition
in seeds across different rice cultivars, we analyzed a rice core
collection representative of most japonica and indica cultivars. We
identified a total of 121 metabolites with known structures,
including: amino acids and their derivatives, carbohydrates, lipids,
CPGECs (cofactors, prosthetic groups and electron carriers) as well
as nucleotides and secondary metabolites. In comparison with
previous reports by Lou et al. (2011) and Matsuda et al. (2012),
our study extended both the numbers of rice genotypes and
metabolites identified11,13. The identified metabolites were mapped
onto nine super-metabolic pathways and their underlying 31
sub-pathways (Fig. 1 and Supplementary Table S1) as defined by
the Plant Metabolic Net (PMN) and Kyoto Encyclopedia of Genes
and Genomes (KEGG). These metabolites cover most of central
metabolism and reflect the physiological state and nutritional value
of rice seeds. Notably, the abundance of each metabolite differs
remarkably among all tested inbred lines (Supplementary Table
S1). Therefore, these lines may represent useful rice germplasm for
breeders, which can pursue hybrids with high levels of desirable
nutrients via hybridization and selection. The absence of glycolytic
intermediates in mature rice seeds supported the fact that the
physiological activity of desiccated seed is quite low.
Japonica and indica have distinctive seed metabolomes. Although
japonica and indica sub-species have been reported to have the same
origin1,2,15, they have been domesticated under widely different
environmental conditions. For example, japonica cultivars are
mainly cultivated in temperate environment at high latitudes or
altitudes with cool climate conditions, while indica cultivars are
Figure 1 | Rice seedmetabolome. The identified 121 metabolites are mapped on a simplified metabolic network. Squares denote metabolites detected in
this study, while circles represent undetected metabolites. Red (green) squares denote the metabolites with higher (lower) mean levels in japonica in
comparison to indica, determined by Nested ANOVA. The darker the color is, the more significant the difference is. For full metabolite names, refer to
Supplementary Table S1.
www.nature.com/scientificreports
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usually grown in tropical and subtropical regions at low latitudes or
altitudes16. To assess differences in chemical composition between
japonica and indica sub-species, we compared their mature seed
metabolomes. Principle component analysis (PCA) revealed that
the first three components can separate japonica and indica
cultivars although there were some overlaps (Fig. 2), supported by
the hierarchical clustering (Supplementary Fig. S1). The separation
between japonica and indica at the metabolic level suggests that the
two subspecies may employ different metabolic strategies to adapt to
the growth environments.
To further reveal the difference between japonica and indica cul-
tivars in seed metabolome, we performed nested ANOVA and
observed that the relative abundance of 92 metabolites including
28 amino acids and their derivatives, 23 carbohydrates, 22 lipids,
12 CPGECs, five nucleotides and two secondary metabolites exhib-
ited statistically significant differences between japonica and indica
cultivars with 66 metabolites higher in japonica and 26 higher in
indica (Fig. 1 and Supplementary Table S1). To reveal themetabolites
that can discriminate japonica from indica, we performed Random
Forest ranking analysis, the accuracy of which was 94% in this study.
We observed that particular metabolites including 14 amino acids
can be used to differentiate between japonica and indica subspecies,
with asparagine ranked the highest (Table 1). The order of the top 30
metabolites ranked according to the Random Forest analysis was,
furthermore, remarkably similar to the ranking based on statistical
significance from the ANOVA, supporting the reliability of possible
application of these metabolites as biomarkers for the discrimination
of japonica from indica subspecies.
Themetabolites of differential behavior between japonica and indica
subspecies were mainly associated with three metabolic functions,
Figure 2 | Principal component (PC) analysis of the rice seed
metabolomes. The first two PCs explain 34.81% of variance separating
japonica from indica cultivars.
Table 1 | The top 30 metabolites contributing significantly to the correct classification of japonica and indica samples generated by
Random Forest ranking
Biochemical Name Mean Decrease Accuracy Japonica/indica P-value FDR-value Super Pathway
asparagine 9.4445 0.68 3.62E-09 6.71E-09 Amino acid
4-guanidinobutanoate 9.1961 0.68 1.00E-14 8.50E-14 Amino acid
alanine 9.0173 1.73 1.00E-15 1.50E-14 Amino acid
trigonelline 8.435 2.63 1.00E-15 1.90E-14 CPGEC
gamma-tocopherol 8.2808 0.50 8.90E-14 4.93E-13 CPGEC
glutamate 8.2736 1.38 1.20E-14 8.50E-14 Amino acid
phytate 7.7472 1.54 1.26E-06 1.52E-06 Carbohydrate
13-HODE-9-HODE 6.263 1.88 4.36E-11 1.16E-10 Lipids
agmatine 6.2329 2.10 8.06E-13 3.20E-12 Amino acid related compound
putrescine 6.1999 2.07 1.16E-11 3.58E-11 Amine
gamma-aminobutyrate 6.1925 2.29 1.04E-10 2.40E-10 Amino acid
glycine 6.0299 1.35 4.95E-06 4.92E-06 Amino acid
adenine 5.8866 1.75 9.07E-12 3.15E-11 Nucleotide
trans-4-hydroxyproline 5.5906 0.60 0.0002 0.0001 Amino acid
serine 5.4119 1.43 2.17E-08 3.41E-08 Amino acid
gluconate 4.9611 2.89 5.96E-13 2.76E-12 Carbohydrate
carnitine 4.8728 0.69 3.91E-07 5.44E-07 CPGEC
sucrose 4.826 1.19 1.07E-09 2.28E-09 Carbohydrate
inositol-1-phosphate 4.8148 0.83 0.0006 0.0004 Carbohydrate
nicotianamine 4.5049 1.22 7.41E-07 9.37E-07 CPGEC
citrate 4.4552 0.80 0.0002 0.0001 Carbohydrate
1,3-dihydroxyacetone 4.114 1.43 2.21E-08 3.41E-08 Carbohydrate
tyrosine 4.0544 1.29 6.31E-06 6.02E-06 Amino acid
pipecolate 4.054 0.78 9.28E-05 6.98E-05 Amino acid
arginine 3.921 1.15 0.0097 0.0042 Amino acid
pyridoxate 3.9206 0.84 0.0004 0.0002 CPGEC
guanosine 3.9175 1.10 0.0163 0.0067 Nucleotide
stigmasterol 3.8728 1.18 2.31E-09 4.59E-09 Lipids
mannitol 3.8254 0.70 0.0064 0.003 Carbohydrate
spermidine 3.8041 1.47 1.94E-06 2.16E-06 Amine
Higher values of mean decrease accuracy correspond to a larger importance of the metabolite in classifying japonica from indica cultivars. The column of japonica/indica shows the ratios of relative
metabolite levels between japonica and indica. Red and green shaded cells indicate that the mean values are significantly higher in japonica and indica, respectively. P-value and FDR-value indicate the
significance and false discovery rate of difference of the relative metabolite levels between japonica and indica, respectively. CPGEC: Cofactors, Prosthetic Groups, and Electron Carriers.
www.nature.com/scientificreports
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namely, nitrogen metabolism, stress responses and inorganic nutrition
storage and translocation. In general japonica appeared to have higher
levels of nitrogen containing compounds, such as: gamma-aminobu-
tyrate, serine, alanine, glutamate, glycine, glutamine, and agmatine,
and polyamines (putrescine and spermidine) than indica (Supple-
mentary Table S1). By contrast, japonica cultivars had lower levels of
reduced glutathione, trans-4-hydroxyproline, asparagine and 4-guani-
dinobutanoate etc., compared to indica cultivars (Supplementary Table
S1). In vegetative tissues nitrogen containing molecules, such as: glu-
tamate, glutamine, and asparagine, play key roles in nitrogen assim-
ilation, recycling, translocation and storage17,18. Previous studies
demonstrated that japonica and indica display different nitrogen
uptake efficiency during the vegetative growth stage19,20, whilst our data
support previous claims that they likely have different strategies for
nitrogen remobilization for yield and quality in seed during grain
filling and maturation stage21. This difference in nitrogen-containing
metabolites may result from the adaption to their original growth
conditions and the nitrogen availability20, although it should be
stressed that the plants studied here were grown ex situ. Moreover,
metabolites associated with stress responses such as c-aminobutyric
acid (GABA), alanine, linolenate, 13-HODE-9-HODE (9,13-DHOME),
12,13-hydroxyoctadec-9(Z)-enoate (12,13-DHOME,), 9,10-hydro-
xyoctadec-12(Z)-enoic acid (9,10-DHOME,) and gluconate accumu-
lated to higher levels in japonica cultivars. However, lower levels of
anti-oxidative metabolites, such as reduced glutathione (GSH), c-
tocopherol, c-tocotrienol and pyridoxate were observed in japonica.
This result suggests that japonica seeds exhibit lower capacity for
oxidative remediation than indica, which is consistent with observa-
tions that japonica cultivars are more susceptible than indica to irra-
diation and oxidative stress in seeds and seedlings22,23. Moreover,
metabolites related to inorganic nutrition storage and translocation,
such as phytate, gluconate and nicotianamine, were higher in japon-
ica than indica cultivars, indicating a different ability of translocation
and storage of those inorganic nutrients. It is known that negatively
charged phosphate in phytate makes it an efficient chelating agent of
positively charged mineral cations, such as K, Mg, Fe, Ca and Zn24. In
addition, gluconate is also a strong chelating agent25, while nicotia-
namine is responsible for the translocation of Fe and Mn from leaf to
the developing seeds26. Previous studies reported that the accumula-
tions of Cu, Fe, Zn, and Mn in roots and shoots of japonica are higher
than those of indica27, the metabolomic data in this study may imply
higher amounts of certain inorganic nutrients in japonica seeds, as
compared with those in indica.
Metabolite-metabolite correlation analysis. Correlation analysis
can be used to reveal relationships among metabolites13,14. When
applied to our dataset, this analysis revealed both positive and
negative correlations among metabolites in both subspecies
(Fig. 3a, 3b and Supplementary Data 1). At a threshold of
correlation value greater than 0.50 (r-value $ 0.5), there were 868
and 1448 pairs of positive correlations, and 34 and 13 pairs of
negative correlations, in japonica and indica, respectively. Gene-
rally, metabolites with high correlations observed in both indica
and japonica were either amongst amino acids or between amino
acids and carbohydrates or nucleotides. Additionally, some correla-
tions among lipids, particularly phospholipids, were quite high:
12,13-hydroxyoctadec-9(Z)-enoate (12,13-DHOME) and 9,10-
hydroxyoctadec-12(Z)- enoic acid (9,10-DHOME), which share
the same common substrates and enzymes in their biosynthetic
pathways, displayed the highest positive association in japonica
(r-value 5 0.99, p-value , 1.00E-16), while 1-oleoylglycerol
(1-OG) and 2-oleoylglycerophosphocholine (2-OGPC), 1-oleoylgly-
cerophosphocholine (1-OGPC) and 2-OGPC, 1-palmitoylglycero-
phosphocholine (1-PGPC) and 2-OGPC, 1-OG and 1-OGPC,
1-linoleoylglycerophosphocholine (1-LGPC) and 1-myristoylgly-
cerophosphocholine (1-MGPC), and 1-OGPC and 1-PGPC
accounted for the six highest positive correlations in indica (r-
value . 0.97 and p-value , 1.00E-16). Remarkably, the strongest
negative associations in japonica and indicawere 1-linoleoylglycero-
phosphoethanolamine (1-LGPE)with choline (r520.77, p-value5
5.14E-11) and reduced glutathione (GSH) with linoleate (r520.62,
p-value5 1.89E-06), respectively. Altogether, this analysis and other
reports8 uncovered a conserved and highly coordinated interplay of
amino acids, and of amino acids and carbohydrates in the crop seed
metabolic network and a unique concerted interaction of lipids in
rice seeds.
Fisher’s z-transformation analysis was employed to assess differ-
ential metabolite-metabolite correlations between japonica and
indica subspecies. A total of 286 pair-wise associations were signifi-
cantly different at False Discovery Rate at least 0.05 (FDR-value #
0.05) between japonica and indica (Supplementary Data 1). The vast
majority of the differential correlations were among different classes
of metabolites such as carbohydrates, amino acids and lipids, with
few differential correlations within metabolites of the same classes
(Figure 3c and Supplementary Fig. S2). However, 11 metabolite-
metabolite pairs associated with phospholipids displayed the most
contrasting correlation trends between japonica and indica subspe-
cies (Supplementary Data 1). Our results indicated that the correla-
tions between metabolites of the same class are relatively conserved
whilst those between metabolites of the different classes are rather
diverse between japonica and indica subspecies. Therefore, our ana-
lysis provides insight that these two rice subspecies evolved distinct
regulatory strategies for certain sets of metabolites, facilitating their
adaptation to their specific growth conditions. Future detailed
investigations into the role of these metabolites will allow elucidation
of the network of key metabolic regulators in rice seeds.
Metabolite-morphological trait correlation analysis. It has previ-
ously been reported that levels of certain metabolites are associated
with other morphological traits7,14,28. To examine whether such
associations are present in rice, we performed correlation analysis
between the 121 seed metabolite traits (metabolites) and the 17
morphological traits we measured. This analysis revealed that most
of the metabolites were negatively correlated with the measured
morphological traits (Fig. 4a and 4b and Supplementary Data 1),
which is similar to previous observations in tomato7,14,28. Generally,
japonica cultivars displayed less metabolite-morphological trait
associations than indica did (Fig. 4a and 4b), i.e. six positive and
23 negative associations in japonica (Fig. 4a), while the number of
those associations in indica was 49 and 142, respectively (Fig. 4b).
Furthermore, japonica and indica shared 13 metabolite-morpholo-
gical trait associations (Fig. 4c), for example heading time (HT), an
important and complex trait controlling the adaptation of rice
cultivars to their growth environment, was negatively correlated
with three amino acids (such as histidine and arginine), five carbohy-
drates (such as arabitol and mannitol), one lipid (glycerophospho-
rylcholine, GPC), and one peptide (ophthalmate), whilst being
positively correlated with fumarate and glucarate.
Fisher’s z-transformation analysis was also employed to assess
differential metabolite-morphological trait correlations between
japonica and indica subspecies. Only five pair-wise associations were
significantly different (FDR-value # 0.05) between these two sub-
species (Supplementary Data 1). They were seed width (SW) with
oxidized glutathione and tyrosine, and panicle length with phytate,
linolenate and fumarate.
Network-based analyses. In order to explore which structural pro-
perties of the reconstructed networks reflect the partition of meta-
bolites into differential and non-differential groups between two
subspecies, japonica and indica networks were created separately by
graphical LASSO. The indica network contained 339 edges, while the
japonica network was denser and included 419 edges (Fig. 5a). The
Indica network had five connected components, of which the largest
www.nature.com/scientificreports
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one had 117 nodes (i.e. metabolites), and the remaining four were
isolated nodes (i.e., glucosaminate, trehalose, gamma-tocopherol, and
gamma-tocotrienol). The Japonica network exhibited three connected
components, of which the largest one contained 119 nodes, and the
other two were isolated nodes (i.e., glucosaminate, and gamma-
tocopherol) (Fig. 5b). Of the four isolated nodes in the two
networks, only gamma-tocotrienol and gamma-tocopherol showed
differential behavior between the subspecies.
The intersection shared by indica and japonica networks con-
tained 121 nodes, with 93 edges and 34 connected components, while
the symmetric difference contained 572 edges falling into three con-
nected components, of which two were isolated nodes and one con-
tained the remaining 119metabolites. In the network intersection, 21
of the connected components were isolated nodes, and the remaining
13 connected components whichmay correspond to conserved asso-
ciations due to similar underlying metabolic processes between the
two rice subspecies. The decrease in the number of edges and the
increase in the number of connected components between the inter-
section and each individual network imply that the japonica and
indica networks have only few edges in common connecting a small
number of nodes. Five out of these 13 connected components were
observed to be enriched on the basis of all three ontologies used
(Supplementary Fig. S3 and Supplementary Table S2). For example,
connected component 1 was enriched in fatty acids (such as phos-
pholipids and glycerophospholipids), which was in agreement with
the metabolite-metabolite correlation analysis result (Fig. 3 and
Supplementary Data 1).
Altogether, the edges in the network intersection were distributed
among 100 nodes (metabolites), which indicate that 21 metabolites
do not share edges between the japonica and indica networks.
Nevertheless, 17 of these 21 metabolites were not isolated in the
indica network, including: tryptophan, lysine, pipecolate, glutamine,
N-acetylglutamate, betaine,N-acetylglucosamine, 1,3-dihydroxyace-
tone, sorbitol, glucarate (saccharate), nicotianamine, nicotinate
ribonucleoside, trigonelline (N-methylnicotinate), glycerol, 13-HODE-
9-HODE, beta-sitosterol, and adenosine. In the japonica network,
additional two metabolites, i.e., gamma-tocotrienol and trehalose, were
not isolated. These metabolites are involved in creating connected
cultivar-specific subnetworks, which, in the indica network, include
13 metabolites on nine edges, and in the japonica network, consist
of 12 metabolites and 10 edges (Supplementary Fig. S4).
To analyze the position of the differential metabolites within the
network, the following node properties: degree, eccentricity, close-
ness, betweenness, eigencentriality and coreness were examined and
the hypothesis that the average of each property for the differential
metabolites is smaller/greater than the average of the non-differential
metabolites was tested. Surprisingly, none of the 12 hypotheses
(i.e., six properties and smaller/greater relationship) could be vali-
dated in the symmetric difference between the two networks.
However, in the intersection, the differential metabolites have smal-
ler degree, coreness, and closeness than the non-differential metabo-
lites (Supplementary Table S3). This implied that a metabolite
showing differential behavior is expected on average to be of larger
eccentricity than a non-differential metabolite. Altogether, these
findings indicated that differential metabolites are on the periphery
of the network intersection, pulling the conserved processes in the
cultivar-specific direction.
Figure 3 | Comparison of metabolite-metabolite correlation in japonica
and indica rice seeds. (a) Heatmap of metabolite-metabolite correlation
and significance in inidca. In the colored area, rectangles represent Pearson
correlation coefficient (r) values of metabolite pairs (see correlation color
key). In the black and white area, rectangles represent the respective p-
values (see significance color key). (b) Heatmap of metabolite-metabolite
correlation and significance in japonica. (c) Fisher’s z-transformation
analysis of differential metabolite-metabolite correlations between
japonica and indica subspecies. Red rectangles indicate r-values of indica
that are significantly bigger than those of japonica. Green rectangles
indicate r-values of indica that are significantly smaller than those of
japonica. Blue rectangles indicate r-values that are significant in both indica
and japonica, but not significantly different between indica and japonica.
Grey rectangles indicate r-values that are at least significant in one
subspecies, but not significant between indica and japonica. White
rectangles indicate r-values that are significant neither in indica nor in
japonica, and not significantly different between indica and japonica.
www.nature.com/scientificreports
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We further analyzed the metabolite community using three dif-
ferent approaches (i.e. fast greedy community detection, edge
betweenness approach and leading eigenvector approach) (Supple-
mentary Data 2). Since the fast greedy community detection resulted
in the largest modularity in both networks, the resulting communit-
ies were then used to test for enrichment of terms based on the three
previously used ontologies. The findings are presented in Supple-
mentary Data 2 for the indica and japonica networks, respectively.
Interestingly, the negligible overlap between the network communit-
ies, arising due to structural differences and quantified by the
adjusted Rand index, corresponded to the observed differences in
the enriched terms. While the modular structure of the indica net-
work suggested orchestration of carbohydrate and amino acid meta-
bolism, in the japonica network this seemed to be the case rather for
lipid and amino acid metabolism.
Metabolomics profiles support isolation-by-distance model. To
determine if the metabolic phenotype forms a random or struc-
tured spatial pattern, we investigated the relationship between the
geographic proximity of the rice cultivars and their metabolic
phenotypes. The geographic variability analysis29,30 showed positive
associations between metabolic phenotype and geographic origin in
rice seeds, revealing a robust pattern of isolation-by-distance. These
structured patterns were observed for different classes ofmetabolites,
and were supported by significant ranges for Moran’s I (0.57–0.59),
Geary’s C (0.40–0.42), and Global G (0.022) (Supplementary
Table S4).
Discussion
During their evolutionary process, plants, as sessile organisms,
developed an array of molecular mechanisms to adapt to the varying
environments, resulting in diversified molecular phenotypes and
morphological traits (e.g., flowering time, yield and organ size)31.
Understanding of the molecular factors determining plant adapta-
tion is of general significance in plant research, and of particular
importance in staple crops, which depends mainly on the quantifica-
tion of the relationship between phenotypic characteristics and
growth habitats or genotypic characteristics. In this study, using
a standardized non-targeted UHPLC/MS/MS and GC-MS based
metabolic profiling approach combined with robust statistical
analysis, we investigated the relationship between biochemical
characteristics and geographic origins, genotypic characteristics,
and morphological traits in the mature seeds of japonica and indica
rice.
Figure 4 | Correlations betweenmetabolite levels andmorphological traits. Full names of the abbreviation of metabolites andmorphological traits refer
to Supplementary Table S1 and Methods, respectively. Details about the associations are listed in Supplementary Data 1. Positive and negative
correlations are represented by red and green edges, respectively. Each color denotes a compound class as shown in the top right legend. (a) Six positive
and 23 negative correlations observed in japonica cultivars. (b) 49 positive and 142 negative correlations determined in indica cultivars. (c) 13 correlations
shared between japonica and indica cultivars.
www.nature.com/scientificreports
SCIENTIFIC REPORTS | 4 : 5067 | DOI: 10.1038/srep05067 6
Seed development can be divided into three stages: morphogenesis,
maturation, and desiccation. During these processes, various meta-
bolites such as amino acids, sugar alcohols (e.g. erythritol, arabitol,
sorbitol and mannitol), betaines (e.g. trigonelline) and oligosacchar-
ides (such as trehalose) accumulate in seeds32. Amino acids not only
play an important role in maintaining the osmotic potential during
seed desiccation but also serve as precursors for protein synthesis
during germination. Asparagine is an ideal nitrogen storage and
transport molecule17, and it is the major form for transport from
the root to the leaves though the xylem and from the leaves to the
developing seeds through the phloem in plants, and thereafter rapidly
mobilized into glutamate and other amino acids during germina-
tion18. Alanine is a significant portion of the free amino acid pool
under anaerobic and other stress conditions such as desiccation33.
Metabolic profiling in mature rice seed therefore mainly reflects the
metabolome of seed desiccation, the final stage of seed development,
which seemingly exhibits highly convergent local adaptation. The
opposite abundance of asparagine and alanine between japonica
and indica cultivars indicates that they harbor different strategies
for nitrogen utilization in seeds, probably via the regulation of the
expression of transaminases or asparaginases. Another line of evid-
ence suggestive of a different amino acid regulation is provided by the
apparent difference in the metabolic fluxes between Arg and GBH vs
Arg and polyamines in the two subspecies (Fig. 1).
The metabolic differences described here may be, at least partially,
the result of mechanisms which sense or regulate stress responses. For
example reactive oxygen species (ROS) generated during the seed
desiccation process has an important role in cellular signaling for
seed development34,35. Moreover, GABA and alanine are the twomain
amino acids accumulating under hypoxic stress conditions where
they have been suggested to represent an important adaptive strategy
to store carbon and nitrogen in preparation for the return to normal
oxygen condition such as germination33,36. Furthermore in this vein,
oxylipins are a large family of lipids-derived metabolites, which play
significant roles in plant development and defense37. These com-
pounds can be produced by non-enzymatic oxidation of polyunsat-
urated fatty acids, mainly linolenate (1853) and linoleate (1852)38.
The lipid peroxidation products (9,13-DHOME, 12,13-DHOME and
9,10-DHOME) of the oxylipin pathways are consistent markers of
higher oxidative states39, as are oxidized sugars40, such as gluconate. In
contrast, reduced glutathione (GSH), tocopherols and pyridoxate
directly act as protective agents against oxidative stress41–43.
Compared with indica, japonica cultivars contain higher levels of
oxidized metabolites (incuding GABA, alanine, gluconate and oxyli-
pins) and concomitant lower levels of reduced metabolites (such as
GSH, c-tocopherol, c-tocotrienol and pyridoxate), which suggest
lower capacity for oxidative remediation in these cultivars. This is
consistent with the previous findings that the overall susceptibility to
oxidative damage is less in indica rice seeds than that in japonica22.
By investigating the interactions between metabolites, network-
based analysis can help interpret complex datasets through the
identification of key network components. Metabolite-metabolite
correlation analysis generated a large number of significant correla-
tions, the vast majority of which are positive, in both japonica and
indica. The highly coordinated regulation of metabolic abundance in
seeds has previously been also observed in other species, such as
tomato, strawberry and Arabidopsis8,44,45. The highly synchronized
patterns of change in metabolite levels of different species suggest
that the regulation of metabolic process in seeds is conserved and
tightly regulated during the evolutional history. On the other hand,
japonica and indica also display significant differences in somemeta-
bolite-metabolite correlations. Firstly, there are less positive correla-
tions but more negative correlations in japonica than in indica.
Secondly, the magnitude of most significant correlations is different
between the two subspecies. This phenomenon may be caused by
variant feedback regulation and different preference of metabolic
pathways between japonica and indica, which have not been proved
in this study. Future efforts should be paid to elucidate the mech-
anism of different regulation of seed metabolome using a combina-
tion of molecular and biochemical methods.
Metabolite-morphological trait correlation analysis revealed more
negative correlations in both indica and japonica cultivars, indicating
an opposite change of specific rice phenotypic traits with the par-
ticular metabolite levels across the population, which is consistent
with the findings in the pericarp and seed of tomato8,28. We propose
that certain morphological traits, such as HT, TSNPP, PL and plant
height (PH) affect rice seed metabolites. Negative correlations
between seed metabolites and HT are mainly for amino acids and
their derivatives. Similarly, in tomato the negative correlations
between seed metabolites and harvest index are mainly for amino
acids and N-containing compounds8. Therefore, a conserved meta-
Figure 5 | Delaunay triangulation networks of japonica and indica.
Different colors of nodes represent different types of metabolites: green,
amino acid; light green, secondary metabolite; dark pink, nucleotide;
orange, amine; cambridge blue, carbohydrate; blue, cofactors and
prosthetic groups; red, amino acid related metabolite; purple, lipid;
turquoise, peptide. (a) The japonica network consists of five connected
components, the largest of which includes 117 nodes and 419 edges, and
the remaining four are isolated nodes. (b) The indica network consists of
three connected components, the largest of which includes 119 nodes and
339 edges, and the remaining two are isolated nodes.
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bolic regulatory mechanism may operate in plants, regulating N
partitioning and seed development, which finally modulates plant
yield. The genetic and molecular mechanism underlying this phe-
nomenon merits further investigation. In addition, four seed meta-
bolites (stachydrine, mannitol, arabinol, and arabitol) negatively
correlate with filled seed number per panicle (FSNPP) but twometa-
bolites (1-MGPC and 1-OGPC) positively correlate with ESNPP,
revealing the competition for nutrition among the seeds in the same
plant. The similar competitive phenomenon was observed in other
species including badamu46, apple47, citrus48, papaya49, and tomato50.
Furthermore, two seed metabolites (GPC and mannitol) negatively
correlate with plant height. Altogether, metabolite and morpho-
logical trait correlation analysis uncovers common regulatory nodes
for seed metabolic pathways in both rice subspecies.
Additionally, although there were only five significantly different
metabolite and morphological trait correlations between japonica
and indica subgroups, they tend to be subspecies-specific (Fig. 4),
whichmay facilitate the dissection of themechanisms underlying the
metabolomic difference between these two subspecies. Furthermore,
the same morphological trait in different subspecies highly correlate
with different metabolites, for example, HT in japonica and indica
correlates with different metabolites (Supplementary Data 1).
Further network-based analysis reveals that the network structural
properties between japonica and indica vary significantly. Japonica
network has more edges which largely differ from that of indica
network. This is manifested in the finding that japonica has a distinct
metabolite community from indica, in which carbohydrates and
lipids metabolism instead of carbohydrates and amino acids exhibit
orchestrated changes. On the other hand, our analysis also reveals a
conserved sub-network between these two subspecies, which is vali-
dated by three additional ontology enrichment analyses, indicating
both cultivar-specific and conserved metabolic processes between
japonica and indica rice seeds.
To dissect the genetic basis of natural variation for complex meta-
bolic traits in plants, association mapping including quantitative trait
locus (QTL) analysis and genome-wide association study (GWAS)
analysis has been increasingly applied51–53. By metabolite profiling
and genetic analysis of 41 Arabidopsis accessions and two recombinant
inbred lines, Trontin et al (2011) framed the range of natural variation
of the major seed flavonoids and identified three genes co-localized
with the considered QTLs and many other unknown genes may
responsible for the these metabolic changes51. By mapping a QTL for
natural variation in maize resistance to Rhopalosiphum maidis, Meihls
et al (2013) identified a DIMBOA-Glc methyltransferase, whose activ-
ity was found to be associated with the formation of plant defense
chemicals54. With the improvement and decline in cost of high-
throughput genotyping and phenotyping technologies, GWAS studies
are a preferred approach for dissecting complex QTLs. In Arabidopsis,
GWAS analysis associated several lignin precursors with cinnamoyl-
CoA, a target for improving the quality of lignocellulosic biomass by
genetic engineering55, identified two major polymorphic loci control-
ling glucosinolate variation in natural populations related to plant
defense56, and verified that allelic variation at BCAT2 is responsible
for the natural variation of seed branched-chain amino acid levels57. In
maize, GWASs have been reported for starch, oil, protein58 and vitamin
E59,60, uncovering beneficial alleles can be identified and deployed for
improvement of grain quality. In soybean, GWAS not only identified
most known QTLs controlling seed protein and oil, but also narrowed
genomic regions that facilitates more precise marker-assisted allele
selection and positional cloning of the causal genes61. Unfortunately,
due to the lack of genomic data of these cultivars, we could not perform
either QTL mapping or GWAS analysis; therefore, the mechanistic
architecture underlying the metabolic variation between japonica and
indica subgroup cultivars remains to be elucidated.
In summary, this study provides a comprehensive study of natural
variation in the rice seed metabolome and the correlation within and
between metabolites and rice morphological properties. Although
the observed metabolic variation between japonica and indica is
exceedingly likely to be associated with the genetic variation between
these two subspecies, the exact molecular mechanisms underlying
the metabolic variation has not been studied here due to sampling
limitation. However, this certainly merits further investigation using
either novel approaches such asGWAS or specificmaterials resulting
from bi-parental crosses (e.g., chromosomal segment substitution
lines). Nevertheless, the reconstructed metabolic networks already
indicate which processes are important in the two types of cultivars,
thus, facilitating the identification of genetic regulators for future rice
breeding and metabolic engineering strategies.
Methods
Materials. The study is based on our core collection of rice cultivars containing 51
japonica and 49 indica with a broad genetic and ecological diversity (Supplementary
Table S5). All plants were planted in a paddy field in Minhang (31.03uN, 121.45uE),
Shanghai, during the summer season in 2011. The experimental design was a
randomized complete block design (including two rows of each inbred line and ten
plants each row). Hundreds of individual mature rice seeds from four panicles of two
individual plants were collected, frozen with liquid nitrogen and stored at 280uC
until metabolomics analysis. Meanwhile, 17 morphological traits including: heading
time (HT), plant height (PH), tiller number (TN), panicle length (PL), 100-seed
weight (100-SW), seed length (SL), seed width (SW), seed thickness (ST), the ratio of
seed length to seed width (SL/SW), the ratio of seed length to seed thickness (SL/ST),
the ratio of seed width to seed thickness (SW/ST), filled seed number per panicle
(FSNPP), empty seed number per panicle (ESNPP), total seed number per panicle
(TSNPP), seed set percent (SSP), primary branch number per panicle (PBN), second
branch number per panicle (SBN) were measured.
Metabolite profiling. Samples were ground into fine powder, and methanol extracts
from 40 mg sample were then analyzed using a well established analytical platform:
ultra-HPLC (UHPLC)-tandem mass spectrometry (MS/MS) and gas
chromatography (GC)-MS. The detailed information about these platforms has been
published elsewhere62–64. For LC platform, chromatographic separation and full scan
mass spectra were performed to record retention time, mass-to-charge ratio, andMS/
MS2 of all detectable ions. For GC platform, the samples were derivatized with BSTFA
(bistrimethyl-silyl-triflouroacetamide), and the retention time and mass-to-charge
ratio for all detectable ions were measured. The ion features of the samples were
matched in an automated way against in-house built reference libraries of chemical
standard entries for identification of metabolites.
Data analysis. Integrated peak ion counts were used to compare relative abundances
of a metabolite in each sample. The missing values for a given metabolite were
imputed with the observed minimum detected value for statistical analysis, assuming
that they were below the limits of instrument detection sensitivity. Metabolic
differences between japonica and indica seeds were determined using nestedANOVA
in the R package. In addition, the metabolite profiles were subject to principal
component (PC), and network-based analyses, the latter based on metabolite-
metabolite and metabolite-morphological trait correlations employing the mean
profile values8. To assess differential metabolite-metabolite and metabolite-
morphological trait correlations between japonica and indica subspecies, Fisher’s z-
transformation analysis was employed. An edge was established between two
metabolites if their 5-fold cross-validated partial correlation was different from zero,
estimated from the sparse precision matrix based on LASSO65. Proximity network
analysis were carried out as previously reported29,30. All statistical and network-based
analyses were performed in R statistical environment and SIMPCA P software.
Metabolic pathway and the graphical presentation of metabolite-morphological trait
correlation were composed with Cytoscape version 2.8.3. The heatmaps of
metabolite-metabolite correlation were visualized with MultiExperiment Viewer
(MeV) version 4.8. Tests are deemed significant at level of 5%.
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